Previous predictions on the ability of coastal salt marshes to adapt to future sea-level rise (SLR) neglect the influence of changing storm activity that is expected in many regions of the world due to climate change. We present a new modeling approach to quantify this influence of changing storm activity on the ability of salt marshes to survive projected SLR. Namely we investigate the separate influence of storm frequency and storm intensity. Applied for a salt marsh on the German island of Sylt, the model is run for a simulation period from 2010 to 2100 for a total of 13 storm scenarios and 48 SLR scenarios. The critical SLR rate for marsh survival, being the maximum rate at which the salt marsh survives until 2100, lies between 19 and 22 mm yr -1 . Model results indicate that an increase in storminess can increase the ability of the salt marsh to accrete with sea level rise by up to 3 mm yr -1 , if the increase in storminess is triggered by an increase in the number of storm events (storm frequency). Meanwhile, 2 increasing storminess, triggered by an increase in the mean storm strength (storm intensity), is shown to increase the critical SLR rate by up to 1 mm yr -1 only. Based on our results, we suggest that the relative importance of storm intensity and storm frequency for marsh survival strongly depends on the erodibility of the sediment on the tidal flats and in the tidal basins adjacent to the salt marsh.
This paper introduces a new approach for long-term salt marsh modeling in response to SLR which accounts for the effects of changes in storm patterns. Model simulations are conducted in order to quantitatively assess the influence of different storm scenarios on the ability of the marsh to survive future SLR. For this purpose a wide variety of linear and accelerating SLR scenarios and a total of 13 different storm scenarios are employed. The simulations specifically aim to investigate (i) how increases in future storm frequency and storm intensity affect the marsh accretion within a simulation period of 90 years (up to 2100), (ii) how the critical SLR rate, for which the salt marsh would just survive until 2100, is affected by different combinations of increasing storm frequency and increasing storm intensity, (iii) how different future storm patterns may influence the ability of the marsh to adapt to accelerated SLR, and (iv) if it is possible to define a critical SLR acceleration for marsh survival, following the concept of the critical SLR rate.
Methods

Study area
The salt marsh for which the model is calibrated and validated is located in the southern part of the German island of Sylt (54°47'18'' N, 008°17'30'' E) . Sylt is an elongated barrier island in the Northern part of the Wadden Sea, stretching about 40 km from North to South (Fig. 1) . Barrier-connected salt marshes [Dijkema, 1987] are found on the leeward side of the island's extensive dune system (Fig. 1) . The specific salt marsh, which the model is applied for, is characterized by a rather homogeneously sloping marsh platform with a typical vegetation zonation ranging from the pioneer zone to the high marsh zone (Fig. 1) . Salt marsh vegetation is found at elevations between 0.7 and 1.5 m above mean sea level (MSL) [Schuerch et al., 2012] , while the mean high water (MHW) level is 1 m above MSL [WSA, 2007] . The historic evolution and a detailed description of the investigated marsh are given by Schuerch et al. [2012] 2.2 Definition of storm parameters
In the field of storm surge research, storminess is usually parameterized as the value of a certain percentile of measured wind speeds, air pressures, or sea levels, and the frequency as the number of events exceeding this percentile [von Storch and Weisse, 2008; Woth et al., 2006] . However these definitions of storm intensity and storm frequency are statistically not independent from each other, because both a larger number and a higher intensity of storms result in an increase of a certain percentile value. Therefore the commonly used definitions for describing storm patterns are modified in order to statistically disentangle storm intensity and storm frequency. For our study, we use the approach applied by Schuerch et al. [2012] , who define storm frequency as the number of events exceeding a predefined storm level, and storm intensity as the mean height of the peak water levels of these events.
The salt marsh model
A zero-dimensional point model, assuming the marsh to be a uniform platform, is utilized in the context of the study. The model was firstly described by Krone [1987] and further modified by Temmerman et al. [2003a] . The growth of the marsh platform (∆E, mm yr -1 ) is thereby described as the sum of mineral sedimentation (∆S min ), organic sedimentation (∆S org ), and autocompaction (∆P, negative growth rate) [Allen, 1990; French, 1993] .
min org E S S P ∆ = ∆ + ∆ + ∆ (equation 1)
Mainly developed for mineralogenic marshes the model assumes the mineral sedimentation to be the main driver for salt marsh accretion, while the organic sedimentation and the autocompaction are kept constant, being derived from data presented by Schuerch et al. [2012] . The mineral sedimentation is modeled separately for every tidal cycle (T) as a function of the suspended sediment concentration (SSC, kg m -3 ) of the water flooding the marsh surface (C(t T )). where S min is the depth of the accreted sediment (m), ω s is the settling velocity (m s -1 ), t T is the time relative to HW (s), and ρ is the dry bulk density of the deposited sediment (kg m -3 ). To describe the SSC during one tidal cycle (C(t T )), a simple mass balance equation is used, including the inflow of inorganic matter with the flooding water as source term and the settlement of sediment to the marsh surface as sink term:
where h(t T ) is the height of the water level during one tidal cycle (m above MSL), E is the marsh elevation relative to MSL (m), and C(0) is the SSC of the incoming water (SSC within the tidal basin) during the flood phase. This term is replaced by C(t T ), during the ebb phase, since no new material is transported onto the marsh from the tidal basin.
As shown by various authors [Bartholdy and Aagaard, 2001; Bartholomä et al., 2009; Fagherazzi and Priestas, 2010; Mueller et al., 2008] , the SSC in a tidal basin is strongly related to meteorological forcing. Strong storms inducing extreme HW levels increase the hydrodynamic energy, including higher current velocities and increased wave heights, which in turn resuspend sediments from the tidal flat and the subtidal areas in the tidal basin and increase the SSC in the tidal basin. Temmerman et al. [2003a] found a significant linear relationship between C(0) and the inundation height of the marsh:
where h HW is the HW level (m above MSL), which varies between individual tidal inundation events, and k is the linear regression coefficient (kg m -4 ).
The effects of increased HW levels on the suspended sediment concentrations (C(0)) are parameterized by the model parameter k, which is a combined parameter for the increased sediment resuspension due to higher current velocities and due to increased wave heights during storm surges. It should, however, be noticed that the linear representation of these complex effects is highly simplified and cannot explain all the observed variations of SSC [Temmerman et al., 2003a] .
The temporal variation of the water level during a tidal cycle (h tide (t T )) is modeled using a tidal curve of a fixed shape, which follows the form of the mean tidal curve and is applied for all simulated tidal cycles by adapting the HW level [Temmerman et al., 2003a, modified] :
where a, b, c, and X 0 are constants and h MHW is the MHW level (m above MSL). The curve is adjusted to the height of the specific HW level (h HW ) of every simulated tidal cycle.
An important assumption made for the model is that no resuspension occurs on the marsh platform due to the presence of a dense vegetation canopy. The vegetation canopy in turn is assumed to be present only if the marsh elevation is above the predefined critical height for vegetation growth. In case the marsh elevation falls below that critical height, the marsh is considered as being drowned and the model is stopped. Also, it must be noted that the employed salt marsh model is a zero-dimensional point model and cannot represent the lateral development of salt marshes, including possible erosion processes at the salt marsh edge during storm surges.
Estimation of model parameters
The model parameters are estimated for the salt marsh on the island of Sylt (Germany) that was studied intensively by Schuerch et al. [2012] . Existing elevation data derived from Light Detection And Ranging (LIDAR) [LVermGeoSH, 2010] as well as an elevation profile perpendicular to the shoreline are used to derive the current marsh topography and are combined with existing vegetation data [TMAP, 2006] in order to derive the critical height for vegetation growth (h crit ; table 1).
The model is calibrated and run for one specific site on the marsh located in the low marsh zone at an initial elevation (IE) of 1.34 m above MSL, where a reliable long-term time series of historic marsh elevations is available for calibration and validation purposes (core location S2, Fig. 1 ) [Schuerch et al., 2012] . Measurements of local bulk densities (ρ) are available for that site and used for the calculation of the local autocompaction (∆P) [Schuerch et al., 2012] , while the organic sedimentation (∆S org ) is calculated by multiplying the mean local organic carbon content (5.5%) from below the rooting zone, located in the upper 10 cm of the marsh, with the measured long-term accretion rates of 2.8 mm yr -1 [Schuerch et al., 2012] (table 1) .
Model calibration
The mathematical minimization algorithm 'Trust-region-reflective' [Coleman et al., 1999] is used to optimize the model parameters k (equation 4) and ω s (equations 2 and 3) by minimizing the model-to-data misfit of the historic marsh elevations. The radiometric measurements for the core location S2 (Fig. 1) , spanning from 1953 to 2010 [Schuerch et al., 2012] , are therefore split into a calibration period from 1953 to 1983 and a validation period from 1983 to 2007. Driven by the HW levels measured at the harbor of Hoernum during the respective time periods, the model is calibrated utilizing the root mean square error (RMSE) for measuring the performance of the model runs. However, the parameter optimization, based on the historic marsh elevations during the calibration period, does not reveal a unique solution for the two model parameters, but shows a dependency on the starting value of the parameter optimization procedure. Therefore additional SSC measurements are employed to derive an initial estimate for model parameter k, which is then utilized as starting value.
The SSC of the water flooding the investigated salt marsh were therefore measured during a time period of 22 days from 16 February until 10 March 2011. Water samples were taken from different depths at a maximum of three different inundation heights during the flooding phase using a siphon sampler [FISP, 1961; Graczyk et al., 2000] within the pioneer zone of the salt marsh at an elevation of about 0.7 m (above MSL). The SSC of the water samples were measured using a 'Laser in situ scattering and transmissometry in the laboratory and converted to mass concentrations using additional filter measurements [Sequoia Scientific, 2010] .
From all measured tidal cycles, the first measurement is assumed to be an approximation for the initial suspended sediment concentration (C(0)), whereas this value in combination with the average inundation height is used to estimate the starting value of the model parameter k for the mathematical minimization algorithm 'Trust-region-reflective'. Since no value for the model parameter ω s could be derived from the measured SSC, the starting value is chosen to be 1E-4 m s -1 , as reported by Temmerman et al. [2003a] . Further details about the procedure of the parameter optimization are given in appendix 1.
Employing the historic HW levels at the harbor of Hoernum for the model validation runs [Wahl et al., 2011] the performance of the model is evaluated during the validation period 1983-2007. Model outputs are therefore compared to the historic marsh elevations derived from the radiometric measurements performed at the study site [Schuerch et al., 2012] . The root mean square error (RMSE) is thereby used as a quantitative measure for the performance of the model.
Long-term modeling approach
In contrast to Temmerman et al. [2003a] who used a statistical probability function to simulate the heights of the HW levels over time, we develop a continuous water level function allowing the user to investigate how specific scenarios for SLR and changes in storm frequency and storm intensity influence the marsh accretion and its ability to adapt to future SLR. This continuous time series of modeled water levels serves as input for the salt marsh accretion model (equation 3), which in turn is applied to all inundation events flooding the marsh platform. The marsh elevation is thereby updated after every inundation event. The model is run for a total of 624 scenarios, including 30 linear and 18 accelerating SLR scenarios, while each of these scenarios is run for 13 different storm scenarios in order to investigate how different storm patterns affect the accretion rates and the ability of the marsh to survive the 90-year simulation period (2010-2100).
The water level function
For the simulation of future water levels, a new water level function is developed aiming at (i) simulating storm water levels independent of tides, (ii) enabling the user to manipulate storm frequency and storm intensity independently, (iii) creating storm water levels that follow the statistical distribution of the reference period (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) , and (iv) reproducing the stochastic character of storm events. It is important to note that the water level function does not aim to predict future water levels, since this would require the incorporation of complex climateocean modeling and is beyond the scope of this study.
The ten-year tide gauge dataset from 1999 to 2009 with a temporal resolution of 6 minutes is used as a reference dataset to modify the parameters storm frequency and storm intensity. For every ten-year period of the simulation, the reference dataset is modified according to the user input regarding the changes of storm frequency and storm intensity and is appended to the previous ten-year simulation period. All changes of storm patterns are performed on the residuals, defined as the difference between the observed water levels and the predicted astronomical tide. These residuals are assumed to be triggered by meteorological forcing [Boon, 2004] . In the region of the German Bight, we assume that positive residuals (i.e.
observed water levels are higher than the predicted ones) are triggered by strong westerly winds, while negative residuals (i.e. observed water levels are lower than the predicted ones)
originate from strong easterly winds [Müller-Navarra and Giese, 1999] . The modeled water level (h(t)) is therefore described as follows:
where h 0 (t) is the mean sea level (MSL), possibly changing through time (t, days) due to SLR, h tide (t) is the water level fluctuations due to the astronomical tide (m above MSL), and h wind (t)
is the wind-induced residual water level (m above MSL).
Tide analysis and tide prediction
Harmonic tide analysis [Boon, 2004] is employed to (i) assess the harmonic constants (amplitude and phase) of the eight tidal constituents with the highest amplitudes for the reference dataset (M2, S2, N2, µ2, O1, K1, 2MN2, M4), (ii) calculate the residual water levels, and (iii) perform tide predictions for the simulation period [Boon, 2004] . A linear interpolation algorithm between every HW and LW is implemented for smoothing the resulting residual water levels, which are assumed to represent the wind-forcing and are therefore defined as the baseline dataset for all modifications of storm frequency and storm intensity within the water level function.
Modeling changes of storm patterns
Modifications of storm patterns within the water level function are implemented by changing the parameters storm frequency and storm intensity. These parameters can be modified by the user for every 10-year period within a simulation. Storm frequency and storm intensity, derived from the baseline dataset, are defined as the baseline values. All changes in storm intensity and storm frequency are given as relative changes (in percent) to these baseline values and shall always be positive.
Besides these input parameters, the definition of a storm level is crucial for the application of the water level function. The storm level for the purpose of this study is defined as the height of the residual water level (relative to MSL) above which it is considered as a storm water level. Storm water levels in turn are only considered as a storm, if they exceed the storm level for a minimum time period (minimum storm duration).
An increase in storm frequency, in the context of the water level function, is implemented as an increase in the number of storms during the respective 10-year period. Given the user input, the number of additional storms to be created is calculated based on the number of storms during the baseline period. A synthetic storm is created at a random time, when the residual water level is calm (between -0.2 and +0.2 m (MSL)). The heights and the durations of the synthetic storms follow the statistical distribution of the storm heights ( Fig. 2a ) and the storm durations ( Fig. 2b) within the baseline dataset. The synthetic storm, parameterized as a parabolic curve is added to the original water levels.
Increases in storm intensities are parameterized as an increase of the mean height of the peak water levels that are classified as storms. Based on the user input for increasing storm intensities, the mean storm heights are increased, while their statistical distribution follows the distribution of the baseline dataset ( Fig. 2a) . For a detailed description of how increasing storm frequencies and storm intensities are implemented, see appendices 2 and 3.
Given the stochastic character of the water level function, a statistical evaluation with regard to the cumulative distribution of the modeled storm heights (two-sample KolmogorovSmirnoff (K-S-) test) and the mean storm heights (two-sample T-test) is performed for every modeled 10-year period, before using the newly created dataset for model simulations. The level of significance for both statistical tests is set to 5% ( 2) Increase of the 96-percentile is only triggered by an increase in storm intensity (intensity only: int_only).
3) Increase of the 96 percentile is mainly triggered by an increase in storm frequency (frequency dominated: freq_dom).
4) Increase of the 96-percentile is mainly triggered by an increase in storm intensity (intensity dominated: int_dom).
Including the zero-scenario (no increase in storm frequency and no increase in storm intensity), a total of 13 storm scenarios is produced (table 2) .
It should be considered that the relative influence of storm intensity on the 96-percentile is 6.12 times higher than the influence of the storm frequency. This means that a 10% increase of storm intensity increases the 96-percentile 6.12 times more than a 10% increase in storm frequency and is the reason why the increase in storm frequency for the 'int_dom'-scenario is larger than the increase in storm intensity ( 
Results
Model calibration and validation
The calculation of historic marsh elevations is described in detail by Schuerch et al. [2012] . For the calibration period , the mean and the maximum SSC (occurring at the highest tide during that time period) are calculated in order to obtain the storm-related resuspension simulated by the model. The average SSC of all tidal cycles inundating the salt marsh during the calibration period is 0.0336 g l -1 , whereas the maximum SSC is 0.2997 g l -1 . (Fig. 3) . The associated RMSE is 0.009 m, which corresponds to 32.1% of the measurement's standard deviation (0.028 m) and allows for the conclusion that the model is able to sufficiently reproduce the measured accretion patterns.
Influence of storms on accretion rates
In order to assess the separate influence of storm frequency and storm intensity on marsh accretion, sensitivity analyses are carried out for a 10-year period (2010-2020) for the different storm scenarios neglecting any influence of SLR. The calibrated model with the input parameters as shown in table 1 is used for these runs. Starting from the baseline scenario, the storm frequency is increased in 6-percent steps up to the maximum storm frequency of 216%, while the increase of storm intensity is kept zero. The sensitivity runs for the storm intensity are conducted in one-percent steps ranging from zero to 36%, while keeping the storm frequency at zero percent.
The modeled accretion rate for the baseline scenario is about 3.5 mm yr -1 . Increasing storm frequencies result in considerably higher accretion rate, reaching a maximum of about 5.8 mm yr -1 for a 216%-increase in storm frequency (Fig. 4) . The marsh accretion thereby seems to Taking into account that storm intensity is 6.12 times more effective in increasing the 96-percentile, the storm frequency is 1.94 times more effective in increasing marsh accretion rates as the storm intensity (Fig. 4) (Fig. 4) , thereby increasing the critical SLR rate by up to 3 mm yr -1 (Fig. 5) .
However, this effect strongly depends on the simulated storm patterns. An increase in storm frequency seems to be the main driver for increasing the critical SLR rate, while an increase in storm intensity shows a considerably weaker influence on the critical SLR rate.
The SLR critical rate for the baseline scenarios (i.e. no increase in storminess) is found to be 19 mm yr -1 . An increase in storm intensity for the low, moderate, and high storm scenarios shows an increase of the critical rate by 1 mm yr -1 (Fig. 5) . The same pattern is found for the intensity dominated storm scenario (Fig. 5) . If the increase in storminess is predominantly triggered by an increase in storm frequency, the critical rate is also increased by 1 mm yr -1 for the low and moderate storm scenario, while the high storm scenario shows an increase of the critical rate by 2 mm yr -1 (Fig. 5) . The most efficient storm scenario, however, is if an increase in storminess is triggered by an increase in storm frequency only. In this case the highest storm scenario results in a critical SLR rate of 22 mm yr -1 , which is 3 mm yr -1 (or 14%) higher than the baseline scenario (Fig. 5 ).
Critical accelerating sea level rise scenarios
18 different accelerating SLR scenarios [Vermeer and Rahmstorf, 2009] are run in combination with 13 different storm scenarios. For a low increase in storminess the average accretion rate for all SLR scenarios increases by 3.1% (±1.3%) compared to the scenario with no increase in storminess. For a moderate increase in storminess, accretion rate increases by 5.6% (±1.6%), while for a high increase in storminess, accretion rate increases by 8.1%
(±2.0%).
The 18 accelerating SLR scenarios used for this study differ regarding their averaged SLR rate and their acceleration. Model results indicate that for all scenarios with a mean SLR rate below 16 mm yr -1 and an acceleration of less than 0.22 mm yr -2 , the salt marsh is able to survive during the simulation period of 90 years. Namely these scenarios are the following:
B1 (low, medium, high), B2 (low, medium, high), A1T (low, medium), A1B (low, medium), A2 (low, medium), A1FI (low) (Fig. 6 ).
Within this group of SLR scenarios the marsh elevations at the end of the 90-year simulation period vary between 5 and 34 cm above the critical height for vegetation growth. The SLR scenario A1FI (medium), a scenario with a high acceleration (0.29 mm yr -2 ), and a mean rate of only 15 mm yr -1 appears to be the 'critical SLR-scenario' for the baseline storm scenario (i.e., no increase in storminess) (Fig. 6) . Marsh elevations at the end of the simulation period are only about 0.9 cm above the critical height for vegetation growth. However, for the critical SLR scenario A1FI (medium) an increase in storminess could increase the mean accretion rates up to about 1 mm yr -1 and therefore increase the ability of the marsh to withstand higher and faster SLR scenarios.
Similarly to the model simulations, discussed earlier, it is generally observed that an increase in storm frequency is most efficient in increasing the ability of a marsh to survive higher SLR scenarios. A low increase in storminess solely triggered by an increase in storm frequency already enables the marsh to survive the scenarios A1T (high), A1B (high), and the second highest SLR scenario A2 (high). In contrast, even a high increase in storminess only triggered by an increase in storm intensity cannot sufficiently increase marsh accretion rates to survive the A1B (high) and A2 (high) scenario (Fig. 6) . The general pattern found in the model simulations is that a stronger increase in storm frequency results in a better ability of the marsh to survive exponential SLR scenarios.
Variability and reliability of model outputs
The stochastic character of the water level function, namely the randomly created storm heights (as described in the sections 2.7.2) result in differences of the model output, even if all input parameters are kept constant. Setting the level of significance for the statistical tests to 5% considerably decreases the introduced variability, although it remains unknown how large the variability is regarding the modeled marsh elevations. In order to estimate the variability and the reliability of the modeled marsh elevations, the critical SRES scenario A1FI (medium) is run ten times for each of the 13 storm scenarios.
For the simulated 90-year period, the baseline scenario (no increase in storminess) clearly results in the lowest accretion of all storm scenarios (Fig. 7) . The resulting average final marsh elevation of the ten model runs is 2.067 m in the year 2100. This is about 8.3 cm lower than the highest modeled final marsh elevation (highest scenario for increase in storm frequency only). Being about 7 mm above the critical height for vegetation growth on average and associated with a standard deviation of 0.7 mm it is confirmed that the final marsh elevation for the baseline scenario is significantly higher than the critical height for vegetation growth (Fig. 7) . Generally it can be seen that for all three scenarios of increased storminess, the scenario in which only the storm frequency is increased results in the highest values for marsh accretion, followed by the "frequency dominated", the "intensity dominated", and the "intensity only" scenarios (Fig. 7) .
Analyzing the variability of the model outputs shows that the variations of marsh elevations assessed for each storm scenario range from 2 mm (baseline) to 10 mm (freq_only, high). For each of the storm scenarios, the variability of the model outputs compared to the overall accretion is between 0.3 and 1.2%. The mean relative uncertainty is about 0.7%. Higher relative uncertainties are found in model runs resulting in higher accretion rates. However the simulated accretion rates/marsh elevations for the different storm patterns within one storm scenario are significantly different from each other (Fig. 7) , thus allowing a clear interpretation of the effects of the different storm scenarios on marsh survival.
Sensitivity analysis of model parameters
Sensitivity runs for the model parameters k and ω s are performed for the baseline scenario while a 50% increase of ω s increases the marsh elevation by 3.5 mm (7.8%) only.
Discussion
Critical sea level rise rates
The determination of a critical SLR rate for salt marshes has been subject to various field and modeling studies throughout the past decades [Bartholdy et al., 2010; French, 2006; French, 1993; Kirwan et al., 2010; van Wijnen and Bakker, 2001] . Generally there are two different approaches of defining the critical SLR rate. The first is to define the critical SLR rate as the rate at which marsh accretion equals the SLR rate. For the Dutch part of the Wadden Sea, a critical rate of 5 mm yr -1 has been suggested [Dijkema, 1997] , while for the Danish part of the Wadden Sea, Bartholdy et al. [2010] suggested a considerably lower critical SLR rate between 0.5 and 1 mm yr -1 . However, the alternative approach for assessing the critical SLR rate is to define it as the maximum rate at which a salt marsh just survives for a given period of time [Kirwan et al., 2010] . Many modeling studies thereby concentrate on the time period of the 21 st century, since this is the characteristic time frame for which climate and SLR scenarios are usually available [Meehl et al., 2007; Vermeer and Rahmstorf, 2009 ]. An early modeling experiment, conducted on a macrotidal salt marsh in the eastern part of the UK revealed a critical rate of 15 mm yr -1 [French, 1993] . In contrast, Bartholdy et al. [2010] have (Fig. 8) . The relationship drawn from our results also compares very well with the critical SLR rates, presented by D'Alpaos et al. [2011] (Fig. 8) .
Taking into account that the actual rate of SLR is about 3.7 (±0.8) mm yr -1 [Wahl et al., 2011], we conclude that our salt marsh is presently not in danger to be drowned (Fig. 8) .
Investigating the results for the different storm patterns indicates that the maximum increase scenario for storm frequency elevates the critical rate by about 3 mm yr -1 and therefore increases the ability of a marsh to adapt the future SLR. In contrast, the effect of increasing storm intensities is considerably weaker, increasing the critical rate by a maximum of 1 mm yr -1 . This result can be explained by the fact that inundation frequency has been identified as one of the major driving factors for salt marsh accretion [Bellucci et al., 2007; Morris et al., 2002; van Wijnen and Bakker, 2001] . We assume that the relative importance of storm frequency and storm intensity generally depends on how much more sediment is brought into suspension with increasing storm heights. Within the present model, this process is described as a linear relationship between SSC and the inundation height, whereas the model parameter k can be interpreted as a measure for the availability of erodible fine grained material in the tidal area being controlled by the erodibility of the tidal flats and the subtidal areas in the tidal basin and the wave exposure of investigated study area. However, it appears that even the most extreme scenarios for storm intensities do not increase the sediment supply on the marsh sufficiently to have a comparable effect on marsh accretion and the critical SLR rate as an increase in storm frequency. Given a rather coarse grain size on the sandy tidal flats adjacent to the investigated salt marsh we suspect that the erodibility of the sediment and the model parameter k are lower when the fraction of fine grained sediments is higher. This behavior is probably the reason for the weak influence of the storm intensity on marsh accretion rates.
Also, it should be considered that a change in the exposure of the study site to increased wave activity could enhance sediment resuspension on the tidal flats and therefore increase the kvalue.
Critical accelerating sea level rise scenarios
It is generally shown that the modeled salt marsh is likely to survive most of the investigated exponential SLR scenarios. Similar to previous studies [French, 1993; Kirwan et al., 2010] , conducted in other study areas, we conclude that only the highest projections for accelerated Even if the salt marsh is found to survive most of the SLR scenarios presented by Vermeer and Rahmstorf [2009] for the period 2010-2100, it should be noted that the marsh elevation is continuously decreasing for all accelerating SLR scenarios, indicating that the marsh might not reach an equilibrium state and may ultimately be drowned in the longer term future beyond 2100. Nevertheless, we should emphasize that the SLR scenarios presented by Vermeer and Rahmstorf [2009] are high compared to the IPCC scenarios [Meehl et al., 2007] .
Comparing the differences between the scenarios presented by Vermeer and Rahmstorf [2009] and the scenarios presented by the IPCC [Meehl et al., 2007] with the development of the marsh elevation during the performed model runs, it seems likely that the modeled salt marsh would survive all IPCC scenarios. However, as shown in earlier studies, any continuous acceleration of SLR may result in lower marsh elevations, because sedimentation rates lag behind accelerating rates of SLR by 20-30 years [French, 1993; Kirwan and Temmerman, 2009 ].
Temporal and spatial implications
Sensitivity analyses show that the model outputs are highly sensitive to model parameter k, which is a measure of the availability of erodible fine grained material in the tidal area.
Outputs are, however, less sensitive to model parameter ω s . As suggested by recent empirical field studies [e.g. Shi et al., 2011] , we therefore conclude that the resuspension of sediment on the tidal flats and in the subtidal areas of the tidal basin are important processes that need to be considered when modeling salt marsh accretion. Saying this, it should also be mentioned that the k-value is not only controlled by the resuspension of sediment on the adjacent tidal flats and the subtidal areas of the tidal basin, but also by the erosion of the marsh edge, possibly initiating lateral marsh loss during severe storm surges. Depending on the local hydrodynamic conditions and the sediment characteristics, severe storm surges could result in lateral erosion, thereby reducing the area of the salt marsh and at the same time increasing the sediment supply for vertical marsh accretion [Callaghan et al., 2010] . Considering the zero-dimensional character of our model, we cannot conclude on the net sediment addition for the whole marsh, but only on the effect of storm events on vertical accretion rates for the parts of marsh that are not affected by lateral erosion [Törnqvist et al., 2007] .
For our study site, these vertical accretion rates are shown to be affected by increasing storm intensities to a limited extent only. However, a higher erodibility of the tidal flat and the subtidal areas in the tidal basin adjacent to the salt marsh (resulting in a higher k-value) could increase the influence of storm intensity and the ability of the marsh to adapt to future SLR, since the sediment supply for the salt marsh would increase. As it was shown by Temmerman et al. [2004b] , the model parameter k may be subject to high spatial variability. Comparing our k-value (0.1062) with k-values for various study sites along the Scheldt estuary (in The
Netherlands and Belgium), we find that the k-value for our study site is higher than the kvalues found towards the mouth of the Scheldt estuary, but lower than the k-values found in the freshwater part of the estuary [Temmerman et al., 2004b] .
Such spatial variability may be controlled by the prevailing hydrodynamic conditions and by the sediment characteristics. Tidal and wind-driven currents as well as wave activity are thereby considered as the most important hydrodynamic controls, whereas the erodibility of the sediment is the most important sediment property. Erodibility of the tidal flat sediments was shown to strongly vary on different temporal and spatial scales [Lanuru, 2004] and seems to be controlled by parameters such as grain size, elevation of the tidal flats, exposure of the study site to wave action [Shi et al., 2011] , and the presence of benthic organisms [Andersen et al., 2010; Mitchener and Torfs, 1996] . Due to seasonal and long-term variations of all those parameters, it could be necessary to vary the model parameter k with time in order to further improve the modeling of salt marsh accretion [Andersen et al., 2011] .
However, in contrast to the weak influence of storm intensities on salt marsh accretion, increasing storm frequencies are shown to significantly enhance salt marsh accretion and the ability of the marsh to keep pace with SLR. Given the fact that storm frequency is a parameter which is highly variable in time and closely linked to changes of the tidal range [Andersen et al., 2011; Töppe and Führböter, 1994] , we conclude that analyzing the potential of marshes in a specific area to survive projected SLR, requires to include temporal variations of the tidal range, triggered by changing storm frequencies. This effect may be especially relevant for study sites with a low tidal range, while it may be less important for study sites with a high tidal range.
Conclusions
Given that coastal salt marshes are highly sensitive to projected accelerating rates of SLR, we investigated the ability of these marshes to survive future SLR accounting for the influence of changing storm patterns. The developed model proved to be able to reproduce the measured historic marsh elevations and was in accordance with previous modeling studies with regard to the critical SLR rates for marsh survival. Simulation runs using various scenarios of SLR and storm patterns for the simulation period from 2010 to 2100 highlighted that increasing storminess has the potential to increase the ability of a marsh to adapt to SLR, when assuming that lateral erosion processes are negligible. Increases in storm frequency appeared to be more important than increases in storm intensity in doing so.
A relatively low erodibility of the sediment on the tidal flat adjacent to the study site is suspected to be the main reason for the weak influence of storm intensity on salt marsh accretion. The erodibility on the tidal flats in turn is known to be subject to strong spatial and temporal variability, suggesting that the influence of storm intensity may increase or decrease in other areas or as a consequence of temporal changes of the sediment characteristics.
Storm frequency on the other hand was shown to have the potential to considerably increase the ability of a marsh to adapt to future SLR. Taking into account that the storm frequency strongly influences the local tidal range, this finding is in accordance with previous modeling studies, but further suggests that the tidal range cannot be parameterized as a constant parameter, when modeling the response of salt marshes to future SLR. a Includes all the organic material accreting on the marsh surface (i.e. belowground and aboveground biomass as well as suspended organic particles settling onto the marsh surface).
Tables
b Natural compaction of the marsh sediments, creating subsidence of the marsh surface. 
